Thanks to recent technological advances, measuring real-world interactions by the use of mobile devices and wearable sensors has become possible, allowing researchers to gather data on human social interactions in a variety of contexts with high spatial and temporal resolution.
Introduction
Contact patterns among individuals play an important role in determining the potential transmission routes of infectious diseases. Knowledge of these patterns is thus relevant for identifying contagion pathways, for informing models of epidemic spread, and for the design and evaluation of control measures, such as the targeting of specific groups of individuals with appropriate prevention strategies or interventions (e.g. drug prophylaxis, vaccination, hand-washing, and the use of masks) [1] [2] [3] [4] [5] .
Empirical descriptions of contact patterns have, until recently, mostly relied on interviews and surveys, sometimes on a very large scale [6] [7] [8] [9] [10] [11] [12] [13] , yielding important insights. Surveys allow distinction between different types of contact (e.g. involving or not involving physical contact) and classification of the contacts according to their context (at work, at home, at school, etc.), and have yielded information on the mixing patterns of different age groups in various countries [10] .
However, surveys are costly and often have often a low response [13] , and the precise formulation of the question might influence the answers. Answers are also subject to memory biases, which are difficult to estimate [12] . Moreover, surveys often collect ego-networks on single days (see, however, [12, 14] ), and it is then difficult to estimate some properties of the contact networks known to be relevant for the spread of infectious diseases, such as the number of triangles and the fraction of repeated contacts from one day to the next [15, 16] .
The use of novel technologies, in particular of networked wearable sensors, offers appealing alternatives: Bluetooth or Wi-Fi can be used to assess the proximity of individuals [17, 18] , and even the face-to-face presence of individuals can be resolved with high spatial and temporal resolution [19] . Here, we review recent work developed within the SocioPatterns collaboration (www.sociopatterns.org), where wearable proximity sensors were used to collect large-scale datasets on human face-to-face interactions in various contexts, including conferences, hospitals, schools, and museums [16, [19] [20] [21] .
Data Collection: Method, Statistical Analysis, and Representations
The data collection infrastructure is based on wearable wireless devices that exchange radio packets in a peer-to-peer fashion to monitor the location and proximity of individuals (www.sociopatterns.org). The use of ultra-low-power radio signals allows radio packets to be exchanged only between devices located within 1-1.5 m of one another. Moreover, when individuals wear the devices on their chest and the lowest radio power is used, exchange of packets between devices is only possible when they are facing each other, as the human body acts as a shield at the radio frequency used. In summary, the system detects and records close-range encounters during which a communicable disease infection could be transmitted, e.g. by coughing, sneezing, or hand contact ( Fig. 1  and [19] ).
The sensing system is tuned so that the recorded data include, for each detected contact between participants, its start and end times, with a temporal resolution of approximately 20 s: it is thus possible to monitor the number of contacts that each individual establishes with any other individual, the duration of individual encounters, the cumulative time spent in contact between two or more individuals, the frequency of encounters, and how these quantities evolve during the observation period.
The complexity of the data is revealed through statistical analysis of the contact event durations and of the time intervals between contacts: large variability is indeed observed in all these quantities. The corresponding distributions, shown in Fig. 2a , b, are broad, similarly to other characteristics of human behaviour [22] : short durations are the most probable, but very long durations are also observed with a non-negligible probability, and no characteristic temporal scale emerges. For transmissible diseases for which the transmission probability between two individuals depends on their time in contact, this means that different contacts might yield very different transmission probabilities: many contacts are very short and correspond to a small transmission probability, but some are much longer than others, and could therefore play a crucial role in disease dynamics. These strong duration fluctuations constitute a robust property observed across all contexts [19] [20] [21] and at different moments, although the amount of activity varies significantly from case to case (Fig. 2c) .
The detailed knowledge of all contact events allows the re-creation of an artificial in silico population and hence the simulation of potential spreading phenomena with a high degree of realism. It is also possible to test, in simulations, the impacts of specific interventions for mitigation and containment. Highly detailed contact data might, however, represent unnecessarily detailed information if the goal is to simply extract stylized facts or generic statistics of contacts, which can be used to design and validate models of human contacts and to estimate the relevance of transmission control strategies. The observed sequence of contacts might indeed be influenced by specific aspects of the environment in which the measure took place, and represents only one instance of many contact sequences occurring in the same environment on different days. It is thus useful to build contact summary statistics, which are expected to be more robust to variations of the specific measurement context. To this end, the time-resolved contact data are usually aggregated along two dimensions, as discussed below. First, aggregation along the temporal dimension yields cumulative contact networks preserving the information at the individual level: such networks describe who has been in contact with whom, and each link between two nodes is weighted by the cumulative time spent in contact by the two corresponding individuals. The resulting weights are highly heterogeneous, as shown in Fig 2d) : whereas most links correspond to very short durations, some correspond to very long contact times, with no characteristic interaction time-scale. Similar statistics have been observed in various contexts, ranging from scientific conferences to schools, hospitals, or offices [3, 16, [19] [20] [21] 23] . The heterogeneity of contact patterns at the individual level is known to have a strong impact on spreading dynamics [24, 25] . In particular, it highlights the existence of 'super-contactors', i.e. individuals who account for an important proportion of the overall contact durations and may therefore become super-spreaders in the case of an outbreak [23, 26] . Table 1 High-resolution contact data can also be aggregated over specific attributes of the individuals. When the population under study is structured, i.e. when individuals can be classified according to specific characteristics or role (e.g. according to their age class or professional activity), a convenient representation of their contacts is provided by contact matrices, whose elements give the number (or duration) of the contacts that individuals in one given class have with individuals of another class, as illustrated in Fig. 3 . Such a representation is useful for designing interventions, as it can suggest easily generalizable strategies that target specific classes of individuals.
Contact matrices, however, typically report only averages, discarding the strong fluctuations in the numbers and durations of contacts between two individuals of given classes. The contact matrix representation also carries the implicit assumption that all individuals are in contact with one another: any two individuals are assumed to be connected, with a weight that depends only on their relative classes.
The cumulative duration of contacts between two individuals, however, fluctuates strongly, even when their role classes are fixed [21, 27] : for instance, the contact duration between nurse A and doctor B can be very different from the one between nurse C and doctor D. Information on the the average contact duration between nurses and doctors is thus not sufficient. Moreover, the density of links connecting individuals in given classes depends on the specific classes, and is sometimes very low: many pairs of individuals never have any contact. In order to account for these important properties, the concept of 'contact matrix of distributions' (CMD) was introduced [27] : in this representation, as in usual contact matrices, the contact patterns between individuals depend on their relative classes. For each pair of classes, the distribution of cumulated contact durations is fitted to a certain functional form (e.g. a negative binomial in order to account for its broad character), and the matrix elements are given by the parameters of this fit. Therefore, the CMD representation does not retain the specific information on who has been in contact with whom, but it does retain both the empirical density of links and the heterogeneity of contact durations.
Finally, each of the above representations can be computed for the entire duration spanned by the dataset or for restricted time windows, such as half-days or days, in order to investigate possible variations with time of the contact statistics, networks, or matrices [20, 23, 27] . Information on temporal variations of individuals' contacts from one day to the next could be included in the contact matrix data summaries, e.g. as an additional parameter in each contact matrix entry (giving, for example, for nurses and doctors, the average fraction of new contacts between nurses and doctors from one day to the next).
Using High-resolution Contact Data in Models of Epidemic Spread
Empirical time-resolved contact data can be used to perform data-driven simulations of epidemic spread in a population [3, 16, 27] . As each dataset describes a specific population and environment, and therefore features specificities that might not be representative of another period or context, an issue naturally emerges: what level of detail on the contact patterns should be incorporated into computational models of spread, so that the relevant information is retained but the model stays as parsimonious and generalizable as possible? In other words, what are the most useful synopses of high-resolution contact patterns? On the one hand, data summaries that are too corase might disregard important properties; on the other hand, representations that are too fine might be too specific, and the integration of highly detailed data may yield models that are less transparent and lead to results that are less general in their applicability [16, 27, 28] .
In order to shed light on these issues, we have investigated the impact of the data representation on simulations of epidemic spread by building a hierarchy of data representations corresponding to different levels of aggregation. Each representation was used to simulate the spread of an infectious disease [16, 27] , and the results were compared with the outcome of simulations based on the most detailed representation (regarded as a reference standard). This methodology provides several insights. First, the time at which the epidemic peaks is a robust property of the spread. It is correctly approximated even by simulations based on coarse data representations, at least for spreading processes that are slow with respect to the temporal resolution of the data [16, 27] . Moreover, data representations that do not take into account the heterogeneity of contact durations lead to overestimations of the probability of a large outbreak and the attack rate (Fig. 4) [16, 27] . Most importantly, they might lead to an incorrect classification of the relative risks for different classes of individuals [27] . In contrast, the representation by CMDs allows the correct modelling of important features of epidemic spread, and the estimation of the relative risks of individuals in different role classes, while maintaining a parsimonious form that retains very little information from the time-varying contact data that it summarizes. This representation thus provides a practical tool that translates complex properties of the contacts within a population into practically actionable information for guiding intervention and prevention strategies. It represents an interesting synopsis of highly detailed contact data that combines simplicity, compactness of representation, and modelling power, which are essential features for guiding decision-making in public health contexts.
Discussion
Infection control still represents one of the most important challenges in public health. The current policies for control of infections transmitted through person-to-person contact are based on general assumptions that may not be applicable to all individuals, meaning that the policies may be difficult to apply to an entire population. Strategies driven by detailed data on the contact patterns within populations promise to increase efficiency and feasibility. To this end, it is crucial to identify appropriate methods for using high-resolution data to inform models and design prevention strategies.
The unsupervised measurement of contact patterns with wearable sensors provides an interesting opportunity: it gives access to the network of contacts between individuals, and provides key information on the structure and heterogeneity of contacts between individuals belonging to different role classes and on the repetition of contact patterns on different days. The collection of data in diverse contexts highlights differences and similarities between human contacts, depending on context, and has shown the remarkable robustness of crucial statistical features such as the distribution of cumulated contact durations. The collected data can be used to design models of human behaviour, inform models of epidemic spread, and design and evaluate containment strategies in diverse contexts such as schools and hospitals. For instance, it is possible to evaluate, in simulations, the performance of targeted vaccination strategies or the role of the intervention timing. It is also possible to envision novel intervention types, such as changes in the daily schedule of a school or in the organization of a hospital ward, or to estimate the relative efficiency of school closure and targeted class closure [29] . The present methodology has some limitations. Most datasets collected so far correspond to the contacts in populations of relatively limited size (a few hundred individuals) over a limited amount of time. No information is collected on contacts occurring either outside the range of the sensing system or involving individuals not wearing sensors. Moreover, the data do not provide information on physical contacts (unlike some surveys) or on the occurrence of events that are known to favour transmission, such as coughing and sneezing.
These limitations hint at future research directions. Further data collection campaigns will be crucial to validate and consolidate the results across other hospital units and other contexts, and over longer periods of time. Detailed comparisons with surveys [13] would also constitute an important cross-validation tool. The role of sampling of the population should also be carefully assessed.
Additional datasets will also help in the evaluation of the use of proxies, such as the ones put forward in [2, 30] , that may replace systematic detailed measurement of contact patterns. For example, the use of metadata on school schedules or shifts in hospitals allows us to infer approximate co-location properties, group structures and spatial distributions that can be used to simulate epidemic spread and design intervention strategies. High-resolution data from wearable sensors could then be used as a reference standard to validate the results of the simulations that use only proxy data.
High-resolution datasets can also be used to devise models of human mobility and contact that can be used to generate synthetic datasets that can be fed into models of disease spread at various scales, helping to eventually achieve multi--scale models that span several temporal, spatial and contact scales.
The overlay and integration of epidemiological, microbiological and genomic information with contact patterns among individuals may also enable radical changes in the approach to infection control. The precise measure of the contact pattern in a population could be combined with whole genome sequencing techniques for pathogens to investigate outbreaks. So far, only traditional surveys have been used to investigate social networks in these situations [31] . Combining phylogenetic analysis of viruses with actual contact data could provide valuable information about the transmission mechanisms of infectious diseases, especially regarding the role of frequency and/or duration of contacts. The inclusion of host susceptibility characteristics (e.g. age, sex, underlying diseases, and genetic susceptibility) in such datasets would also enable more precise studies of infectious disease transmission mechanisms.
